Introduction
Leptospirosis is a worldwide zoonosis, which causes more than 500 000 cases per year [1] . Leptospirosis is caused by spirochete pathogenic bacteria genus Leptospira interrogans [2] . These organisms live in many wild and domestic animal species acting as potential reservoir for human infection. The infection in humans is usually caused by direct contacts with products of infected animals, mainly urine, and/or indirect contacts with contaminated environment, especially water contaminated with Leptospira spp. Ingestion of the bacteria and humanto-human transmission are rare. The disease mostly occurs in tropical and subtropical zones such as Thailand [3] and India [4] . By indirect contacts, Leptospira may get transmitted through breaks or cuts of skin, or mucous membranes via contaminated water or moist soil [5] . Leptospira organisms can survive for a long period in natural aqueous environments [6] . Agricultural workers are most infected during cultivated rice activity in marshy land [7] or capturing fish or animals. Infection also occurs to those who swim or wade, applying fertilizer or plowing in wet field in contaminated water [7] . Flooding can determine the size of outbreak since it may carry urine of infected animals to Objective: To study the number of leptospirosis cases in relations to the seasonal pattern, and its association with climate factors. Methods: Time series analysis was used to study the time variations in the number of leptospirosis cases. The Autoregressive Integrated Moving Average (ARIMA) model was used in data curve fitting and predicting the next leptospirosis cases. Results: We found that the amount of rainfall was correlated to leptospirosis cases in both regions of interest, namely the northern and northeastern region of Thailand, while the temperature played a role in the northeastern region only. The use of multivariate ARIMA (ARIMAX) model showed that factoring in rainfall (with an 8 months lag) yields the best model for the northern region while the model, which factors in rainfall (with a 10 months lag) and temperature (with an 8 months lag) was the best for the northeastern region. Conclusions: The models are able to show the trend in leptospirosis cases and closely fit the recorded data in both regions. The models can also be used to predict the next seasonal peak quite accurately. distant places [8] .
Seasonal pattern of leptospirosis has been observed in Thailand and it corresponds to the rainy season. The peak of incident cases correlates with the peaks in rainfall and temperature. The association between rainfall and leptospirosis cases in Thailand was previously described by Triampo et al [9] . By solving deterministic SIR model, they found that the amount of rainfall could cause the seasonal increase in incident rates in the Phrae, a northern province, and the Nakhon Ratchasima province, in the northeastern part of Thailand. They can fit the temporal evolution of incident cases in a year of outbreak. However, they did not consider the incidence of leptospirosis cases during a lengthy period or analyze the prediction. To describe and predict seasonal patterns in leptospirosis infection, climate variations, such as the amount of rainfall and/or temperature in that region, needs to be incorporated. Desvars et al. found that the amount of rainfall 2 months earlier and the average temperature that month were correlated with the time series of infected cases [10] . Other researchers have also shown that there was a link between leptospirosis and rainfall [11] . Some statistical tools have proved to be useful in measuring the correlation between climate and leptospirosis cases leading to improved models for prediction. Auto Regressive Integrated Moving Average (ARIMA) modeling may be the most famous tool to analyze the time series data. Through modeling with time series, steps-ahead predictions are shown to be more accurate than those obtained by other statistical methods [12] . This model has been widely used in epidemiology to monitor and predict infectious diseases [13] and found to be successful in monitoring and predicting the spread of infectious diseases such as Influenza in Hong Kong (China) and Arizona, USA [14] , Dengue in Rio de Janeiro, Brazil [13] , and malaria in Bhutan [15] . The prediction of the number of cases for the upcoming year will generate useful information for planning of public health service and medical care.
In this work, we aim to investigate and describe the seasonal pattern of leptospirosis cases in the northern and northeastern region of Thailand during [2003] [2004] [2005] [2006] [2007] [2008] [2009] . To determine the seasonal pattern of leptospirosis, we evaluated the association between leptospirosis cases and the amount of rainfall and temperature. We used ARIMA(X) models to fit the number of reported cases of leptospirosis. Additionally, the next seasonal trend was predicted based on the previous cases number and climate data.
Materials and methods

Data sources
A case of leptospirosis was first reported in Thailand in 1942 by Yunibandhu [16] . Most cases were reported from the northern and northeastern regions, which are the tropical and agricultural areas. In this study, monthly cases of leptospirosis were retrieved from the National Disease Surveillance Report (506) of the Bureau of Epidemiology, the Ministry of Public Health [17] . From 19 stations are in the northern region and 13 stations are in northeastern region. We find the average climate data from those stations to represent the regional climate.
Analysis
The 84 months data on both the northern and northeastern regions are divided into 2 sets; first 72 months data is used for model fitting propose and the last 12 months data was used for prediction. In this study, we use the software R, version 2.13.0 (The R Foundation for Statistical Computing, http://www.R-project.org) for time series data analysis and graphic displays. The time series data is analyzed and fitted by using Autoregressive Integrated Moving Average, ARIMA(p, d, q)x(P, D, Q)s model [18, 19] , where: p and P are the auto regressive (AR) order and seasonal order of AR, respectively; d and D are the differencing order and seasonal differencing order, respectively; q and Q are the moving average (MA) order and seasonal moving average order, respectively s is the seasonal period.
The ARIMA models are the most general class of models for fitting and forecasting time series data. ARIMA consists of 3 parts a) Auto regression, b) Moving average, and c) differencing order. Applying ARIMA, we first need to check the time series data by autocorrelation function (ACF) plot. If the time series are stationary, the ACF plot will show the fluctuated pattern. But if time series are nonstationary, we have to remove the non-stationary term, by using log transform and/or differencing order, then re-test the stationary character of the time series by ACF plot and Dickey-Fuller test (P-value < 0.01). We then find the p and q orders by using cut-off time lag of ACF and partial autocorrelation function (PACF) plots. The coefficients of ARIMA model are estimated by using mean square method, which assists in the goodness of fit process. For fitting nonseasonal univariate ARIMA model, we try numerous different values of p and q orders. The residuals of model results are checked for independence of the noise term through ACF and PACF plots. If the residuals have nearly white noise, the goodness of fit is examined through calculated Akaike's Information Criterion (AIC) and root mean square error (RMSE). The best-fitted model is used to predict the next leptospirosis season. For seasonal-ARIMA model, we first remove the trend and seasonal component, after which we carry out the same procedure as described above.
To investigate the climate factor, we incorporate climate variables as input series in the ARIMA model, called ARIMAX model. We calculate the cross-correlations function (CCF) between the pre-whitened climate series with leptospirosis cases series to find significant time lags at P-value < 0.05. Similar to the univariate ARIMA model, we estimate the coefficients of ARIMAX associated with the lagged climate variable. We test the different time lags of climate input one at a time before combining them together. The multivariate model is re-fitted and used to predict future leptospirosis season.
Results
The numbers of monthly cases from January 2003 to December 2008 have been analyzed by using ARIMA with climate factors. There are 3 696 reported cases in the northern region and 15 334 cases in the northeastern region. The results for the northern region will be presented first, followed by that for the northeastern region.
Northern region
To analyze the data with ARIMA model, we first consider the log transformation of the time series data as shown in Figure 1 to stabilize the variance and subsequent differencing, either non-seasonal or seasonal, of the first differencing order. As can be seen from the ACF plot, the time series appears to be stationary (P < 0.01 by the DickeyFuller test). We use the ACF and PACF plots to identify the order of ARIMA model. The plots of ACF and PACF for the first differencing order of log of leptospirosis cases are shown in Figure 1 . The ACF plot shows strong positive autocorrelation at time lags 1, 12, 24 and 36, which suggests a seasonal component. For the first difference log series, the ACF cut off is lag 2 and PACF cut off is lag 1, while for the seasonal order difference series, the ACF decreases slowly and PACF cuts off at lag 1 (data not shown).
We fitted the data with several univariate ARIMA (p, d, q) and ARIMA (p, d, q)x(P, D, Q)s with different orders and excluded the models in which the residual is not likely to be white noise. For non-seasonal model, we found that ARIMA models show autocorrelation of residuals by ACF and PACF plots. We excluded the non-seasonal ARIMA for fitting leptospirosis cases series in the northern region. But for seasonal ARIMA, we found that the residuals of several ARIMA orders do not show evidence of autocorrelation. The performance of seasonal-ARIMA models are shown in Table 1 Figure 2 shows the monthly average of the amount of rainfall and temperature (T mean ) compared with the time series of infected cases during [2003] [2004] [2005] [2006] [2007] [2008] [2009] . To incorporate the climate factor as input series in the model, we find the cross-correlations between the prewhitened climate series and leptospirosis series (Table 2) . We find significant correlations of the rainfall factor at lags 8 and 9, while there are no significant lags for the T mean factor. We then test several orders of seasonal ARIMAX models, estimated with each of climate factors for several time lags even though that time lag does not appear significant, as shown in Table 3 . We find that the only rainfall factor at time lags 7 and 8 appear significant in the ARIMAX model, when we test one by one time lag or climate factor. The multivariate model, which has the best fit and smallest AIC, is ARIMAX(1,0,1)(0,1,1) 12 associated with rainfall and T mean as covariates, while ARIMAX(0,0,1)(1,1,1) 12 associated with rainfall provides the best prediction. Concerning the P-value of estimated coefficients, we found 3 good models, which are ARIMAX(0,0,1)(1,1,1) 12 associate with Rainfall 7) is only 2.7%, while the relative difference of AIC is 2.3%. We also fitted the combination of rainfall at time lags 7 and 8, but the P-value of coefficients at time lag 7 is very high. Figure 3 shows the fitted model associated to each climate variables and combined variables with the leptospirosis cases series. Overall results suggest that the ARIMAX (1,0,1)(0,1,1 
Northeastern region
We carry out the same procedure here as for the northern region. Figure 4 shows the log of time series, and ACF and PACF plots for the first difference log series. Both ACF and PACF are cut off at lag 1, while in the seasonal order difference series the ACF decreases slowly and PACF is cut off at lag 1 (data not shown). With the ACF plot, the data also shows the seasonal pattern as in the northern region. Both non-seasonal and seasonal univariate ARIMA models are found. The residuals of non-seasonal model appear to be autocorrelated. The performance of the univariate seasonal model is shown in Table 4 . The best model appears to be ARIMA(1,0,0)(0,1,1) 12 , which has the smallest RMSE and AIC. We further find the cross-correlations of the pre-whitened climate factors series and data series. Figure 5 shows the monthly average of the amount of rainfall and temperature (T mean ) compared with the time series of infected cases during [2003] [2004] [2005] [2006] [2007] [2008] [2009] . The cross-correlations are shown in Table 5 . For the monthly average rainfall factor, we find that the significant time lag is 10, while the significant time lags of monthly average temperature are 0, 1, and 8. We have fitted each climate factors at one time lag as input series. The performance of the models is shown in Table 6 . It is found that only rainfall factor gives significant coefficients as in the northern region, while the average temperature factor yields P-value of 0.0535. We also combined both climate factors. Figure 6 shows the comparison of climate variable models. We found that the model with only rainfall or temperature could not fit the data series in certain years. This figure suggests that ARIMA(1,0,0)(0,1,1) 12 associated with average rainfall (Lag 10) and average temperature (Lag 8) is the best model. This model has also the smallest RMSE and AIC of fitting, with p-value of coefficients less than 0.05. So we use this multivariate model to predict the outbreak in the year 2009 . The results will be useful to monitor and predict leptospirosis incidence in the forthcoming year. 
Discussion
To predict the number of leptospirosis cases, we first investigated the non-seasonal and seasonal ARIMA models without the environmental factors. It is found that only seasonal ARIMA model has the ability to predict the future leptospirosis cases for both the northern and northeastern region. The best univariate model is ARIMA(1,0,0)(0,1,1)12, where current number of leptospirosis cases depend on the number of cases in the previous month as well as the moving average in the previous season. In the multivariate ARIMA model, the result shows the appropriate model for the northern region is the model that only includes the rainfall factor while the model which includes rainfall and temperature factors is the best model for the northeastern region.
The monthly number of reported cases of leptospirosis all year round showed a seasonality pattern. The peak in the seasonal curve in the northern region occurred in August during the rainy season, while the peak in the seasonal curve in the northeastern region occurs between August and October. The significant time lag of average rainfall is 8 months in the northern region, and the correlation is negative.
During the rainy season, the soil will accumulate moisture, leading to small or large water pools. These facilitate leptospira organisms' growth in water-soaked soils. The bacteria can survive for 1 to 2 months [10, 20] . In the natural water source, leptospira spp. can survive even with exposure to UV-A for 6 hours [21] . These may mean greater chance for people to be exposed to leptospira organisms during their agricultural activities. In the northern and northeastern region, the rainy season period is about [6] [7] [8] months every year. This may allow longer exposure to leptospira organisms. Flooding is related to the outbreaks in both human and animals, since it leads to more water contaminated with the urine of infected animals. In 2002, Ward showed that there was a correlation between rainfall and canine leptospirosis [22] . In many tropical countries, the heavy rain and/or flood increased the size of outbreaks, via indirect transmission from contaminated water after flooding [23] [24] .
In this work, we have found that the correlation between pre-whitened temperature and leptospirosis cases is only significant in the northeastern region. Although the temperature patterns and the 7 years average temperatures were almost the same, about 28 曟 , in both regions, the average numbers of reported leptospirosis cases in the northern region were fewer than that observed in the northeastern region by a factor of 4. The small number of cases may increase the error and cause the low variation when we added more input series. The temperature of about [28] [29] [30] 曟 is optimum for lepospires growth [25] [26] [27] [28] , corresponding to the rainy season. Leptospirosis occurs in countries with warm-climate rather than those in the temperate zone, where the average temperature is about 23.5 曟 . Leptospires are able to survive longer in a warm and humid environment. In higher temperature, human and animals may participate in water-based activities such as swimming, bathing or drinking. These activities increase contact probability of human and leptospires [8] .
Our model is able to show the trend of reported leptospirosis curve and predict the future occurrence relatively accurate. However, it still cannot accommodate the extreme values [10] . Leptospirosis are also determined by other factors, which influence the survival of leptospira such as the water's concentration of oxygen [29] , or water pH [29, 30] . Variations in daily human activities might increase the probability of infection as well. In this work, we also did not include the data on cyclones or climate depressions in our model. However, this model may prove to be most useful in our attempt at monitoring and predicting leptospirosis cases in order to be well prepared to provide adequate and timely health care services.
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